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A B S T R A C T 

Jets from stellar-mass and supermassive black holes provide the unique opportunity to study similar processes in two very 

different mass regimes. Historically, the apparent speeds of black hole X-ray binary (BHXRBs) jets have been observed to be 
lower than jet speeds from active galactic nuclei (AGNs) and specifically blazars. In this work, we show that selection effects 
could be the primary cause of the observed population differences. For the first time, it is possible to perform a statistical analysis 
of the underlying BHXRB jet Lorentz factor distribution. We use both the Anderson–Darling test and apply nested sampling to 

this problem. With Bayes factors, we confirm that the Lorentz factor distribution of BHXRBs is best described with a power 
law, the same model that has been applied to AGN jets. For a Lorentz factor distribution following N( �) ∝ �b we find a value 
for the exponent of b = −2 . 64+ 0 . 46 

−0 . 55 . This exponent is consistent with values found in AGN population studies, within 1 σ for 
Swift -BAT and Fermi -LAT selected AGNs. The best-fitting exponent for the radio selected MOJAVE sample is just above our 
2 σ limit. This is a remarkable agreement given the different scales at which the jets are observed. The observed slower apparent 
speeds in BHXRBs are largely due to the much larger inclinations in this sample. Furthermore, nested sampling confirms that 
�max is completely unconstrained using this method. Therefore, based on kinematics alone, BHXRB jets are broadly consistent 
with being just as relativistic as those from supermassive black holes. 

Key words: black hole physics – ISM: jets and outflows – galaxies: active – galaxies: jets – X-rays: binaries. 
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 I N T RO D U C T I O N  

strophysical jets are produced by many accreting systems in our 
niverse, such as black holes (BHs), neutron stars (e.g. T. Darias 

t al. 2014 ), and white dwarfs (e.g. J. L. Sokoloski, M. P. Rupen
 A. J. Mioduszewski 2008 ). Generated from some of the most

ompact objects in our Universe, these jets cover some of the largest
ize scales, some reaching into the cosmic void (M. S. S. L. Oei et al.
024 ). Therefore, improving our understanding of jets can enable 
 better understanding of the Universe at large as well as offering
nsight into small-scale accretion physics. 

Among compact objects, BHs are particularly intriguing laborato- 
ies for understanding jet formation across a large mass and distance 
cale range. BHs are some of the most uniquely scalable objects 
n the universe, as many of their observables are scaled only by
heir mass (e.g. R. Fender et al. 2007 ). Properties such as spin or
nvironment may introduce some scatter into the scaling relations, 
ut the so-called fundamental plane of BH activity shows remarkably 
onsistent scaling of BH observables over eight orders of magnitude 
n BH mass (A. Merloni, S. Heinz & T. Di Matteo 2003 ; H. Falcke,
. Körding & S. Markoff 2004 ; R. M. Plotkin et al. 2012 ). 
In our own Galaxy, stellar-mass BHs produce jets in ‘X-ray binary’ 

XRB) systems, where they accrete mass from a stellar companion 
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cClintock 2006 ). These BHs usually have masses on the order of
BH ∼10 M � and extensive studies have investigated their variable 

ehaviour (e.g. J. Casares & P. G. Jonker 2014 ; J. M. Corral-Santana
t al. 2016 ; A. Ingram & S. Motta 2019 ). XRBs have been observed
o undergo extreme spectral changes, which have been connected 
o changes of accretion disc – jet coupling throughout their duty 
ycle (R. P. Fender, T. M. Belloni & E. Gallo 2004 ). The ‘hard
tate’ of XRBs is associated with a steady jet, while the transition
rom the ‘soft’ to ‘hard’ state is associated with radio flaring and the
mission of large-scale transient jets (e.g. J. S. Bright et al. 2020 ).
RB systems that instead host neutron stars also produce relativistic 

ets, with similar, but not identical phenomenology (e.g. T. Darias 
t al. 2014 ). 

At the other end of the mass scale there have been extensive studies
f all classes of jet-producing supermassive black holes (SMBHs). 
he active, accreting BHs in some galaxies produce jets that can be
uch larger than their host galaxies (R. Blandford, D. Meier &
. Readhead 2019 ). Although these objects have extremely long 

ifetimes and we only ever see very small snapshots of their duty
ycle, some show remarkable changing-state behaviour (e.g. E. T. 
eyer et al. 2025 ). There have been promising attempts to unify the

ifferent classes of active galactic nuclei (AGNs) into a framework 
f accretion states similar to XRBs (e.g. E. G. Körding, R. P. Fender
 S. Migliari 2006a ; E. G. Kording, S. Jester & R. Fender 2006b ;
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. Svoboda, M. Guainazzi & A. Merloni 2017 ; J. A. Fernández-
ntiveros & T. Darias 2021 ; E. Moravec et al. 2022 ). 
A particularly suited sub-class for the study of jets are blazars –

MBHs with a relativistic jet closely aligned to our line of sight.
s such these objects are affected by strong relativistic beaming and
ecome extremely bright; therefore, they dominate flux-limited AGN
amples at high energies and in the radio wavelengths. Resolving
he kinematics of moving jet components in the brightest and most
eamed AGN sources enables us to measure the speed of the jet and

etermine its Lorentz factor � =
(

1 − v2 

c2 

)− 1 
2 

where v is the speed

f the jet and c is the speed of light. 
Historically, measured apparent XRB jet speeds have been found to

e much lower than those of blazars. The first galactic superluminal
ource, GRS 1915 + 105 was measured to have mildly relativistic
ets with � ≈ 2 . 5 (I. F. Mirabel & L. F. Rodrı́guez 1994 ), but this
stimate was revised due to the impact of distance uncertainty on
he measurement of Lorentz factor (R. P. Fender 2003 ). However,
hrough dedicated observational campaigns, there is now a much
arger sample of observed BHXRBs with large-scale transient jets
nd corresponding measured apparent speeds (R. P. Fender & S. E.
otta 2025 ; J. H. Matthews et al. 2025 ). Notably, the ThunderKAT

rogramme has played an instrumental part in revolutionizing our
nderstanding of these jets (R. Fender et al. 2016 ). In addition,
he recently discovered jets of 4U 1543–47 presented by X. Zhang
t al. ( 2025 ) show that an XRB can show high apparent speeds, with
app ∼ 5 . 3 and hence � > 5. This suggests that the XRB jet speed
ample is still largely limited by inclination and sample size. 

In contrast, AGNs and especially blazars have been observed with
pparent speeds of up to βapp ∼ 50, much larger than all observed
alues for XRBs. Larger number statistics of AGNs make it possible
o perform population modelling on fully flux-limited samples. These
tudies suggest that the underlying Lorentz factor distribution for
GNs is well described by a power law (M. L. Lister & A. P. Marscher
997 ) with a mean Lorentz factors of � ≈ 10 (M. Ajello et al. 2012 ;
. Marcotulli et al. 2022 ). As XRBs have been observed to only
ave apparent speeds of order a few, this could suggest an intrinsic
ifference in Lorentz factor distribution. XRBs however, are subject
o very different selection effects, as they are detected in the X-
ay, where the light from the infalling material dominates (N. I.
hakura & R. A. Sunyaev 1973 ). X-ray triggers of flaring XRBs
nable us to obtain a sample of all local sources ejecting large-
cale transient jets. As the sample is X-ray selected we anticipate an
nbiased distribution of jet inclination angles. It is not possible to
onstruct such a quasi-volume-limited, unbiased inclination sample
or AGNs, as their distance distribution is much more extended.
nstead, flux-limited samples are constructed, which implicitly select
or blazars. Due to their alignment with the line of sight they become
oosted to be among the most bright and variable objects in the
ky, but they represent a highly biased sample (e.g. T. Hovatta &
. Lindfors 2019 ). 
The samples of BHs at both ends of the mass range provide a

nique opportunity to understand jet and accretion physics, as well
s providing insights into the BHs and their environments. In this
ork, we present a novel analysis of a sample of BHXRB jets

nd compare them to studies of the population of AGN jets. We
ake great care to disentangle selection biases and inclination effects
o draw conclusions about the underlying physical mechanisms. In
ection 2 , we present the sample used in this paper and proceed to
escribe the parent population modelling procedure in Section 2.2 .
hen we constrain the model parameters with Anderson–Darling test

n Section 2.3 and nested sampling using a Bayesian likelihood in
NRAS 545, 1–14 (2026)
ection 2.4 . In Section 3 , we present the results from these methods
nd discuss how they select a preferred Lorentz factor population
odel. During the discussion in Section 4 we compare our results to
GN population studies and show that there is a remarkable overlap

n Lorentz factor distribution exponent parameter space between the
wo BH populations, which suggests that there may be similar jet
hysics across BH mass and size scales. 

 M E T H O D S  

.1 XRB sample 

he XRB data used in the analysis of jet speeds in this work are
resented by R. P. Fender & S. E. Motta ( 2025 ). It presents the first
tatistically significant sample of directly measured speeds of jets
aunched from XRBs. Inclination and distance measurements for the
ources are also compiled in their work. 

The apparent speed of each source is estimated from the observed
roper motion of the spatially resolved ejecta travelling away from
he XRB core (location of the BH), usually after the transition
rom the hard to the soft state. In particular, for known distance
o the object, d [kpc ], and observed proper motion, μ [mas d −1 ], the
pparent speed, βapp , as a fraction of c is given by 

app = μd 

173[kpc mas d −1 ] 
. (1) 

ome sources have shown both highly and mildly relativistic speeds,
hich have been interpreted to be two different jets: one that is spin-

ocked to the black hole and one that is launched from further out in
he disc (R. P. Fender & S. E. Motta 2025 ). 

In Fig. 1 , we present this XRB sample with orange data points in
nclination versus apparent speed space, alongside the flux-limited

OJAVE 1.5 Jy Quarter Century sample of AGNs in the blue points.
n the XRB sample, there is significant uncertainty in the inclination
easurement. In Fig. 1 , the inclination error bars represent a range

f possible values given in the literature. Therefore, they should be
nterpreted as very approximate uniform error distributions. Even
hen accounting for these large uncertainties in inclination, the
verall sample distribution is consistent with an isotropic angle
istribution when performing the Kolmogorov–Smirnov (KS) test,
iving a p -value of p = 0 . 5878. The sample is indeed expected
o be approximately isotropic in inclination in 3D space, as the
ources are discovered due to their X-ray emission. As this radiation
scapes approximately isotropically from the accreting material, we
ould not expect this selection mechanism to select for any specific

nclinations towards the line of sight (N. I. Shakura & R. A. Sunyaev
973 ). 
The sample of XRBs consists of 15 BH systems with measured

pparent speeds. One source, MAXI J1820 + 070, shows two different
et speeds, inclined on the same axis to the line of sight (C. M. Wood
t al. 2021 ). There are two unknown accretors in the sample. One
f them, Cygnus X-3, also shows two different jet speeds, which
re at two completely different inclinations (C. J. Schalinski et al.
995 ; A. J. Mioduszewski et al. 2001 ). Lastly, there are three neutron
tars in this sample. They show less relativistic speeds than the BH
inaries (R. P. Fender & S. E. Motta 2025 ; see also T. D. Russell
t al. 2024 ). We assume apparent speed uncertainties of 15 per cent in
he figure to approximately account for distance and proper motion
ncertainties. There is a wide range of confidence in the measured
iterature values of apparent speeds (R. P. Fender & S. E. Motta 2025 ).

any proper motion measurements are quite precise and constrained
ith Gaussian errors, which are usually of order ∼10 per cent (e.g.
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Figure 1. Comparison of the inclination angle and apparent speed distributions of XRB and AGN jets. X-ray binary sample of apparent speed and inclinations 
used in this work as presented in R. P. Fender & S. E. Motta ( 2025 ) shown as orange data points. The marker symbol indicates the class of object. The blue data 
points show the MOJAVE 1.5 Jy Quarter Century sample (M. L. Lister et al. 2009a ; D. C. Homan et al. 2021 ). The dotted black curve shows the maximum 

observable apparent speed due to inclination effects at an infinitely high Lorentz factor and at � = 5. The histograms are marginalized over each axis and show 

the sample fraction of each of the populations. The populations occupy very different regions of parameter space. 
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. Corbel et al. 2005 ; A. P. Rushton et al. 2017 ; T. D. Russell et al.
019 ; C. M. Wood et al. 2023 ). There are some exceptions where
ncertainties are much smaller (M. Espinasse et al. 2020 ) or given
ith uniform ranges (e.g. R. M. Hjellming & M. P. Rupen 1995 ;

. Chauhan et al. 2021 ). The contribution to the apparent speed
ncertainty from distance measurements are usually larger. There 
re diverse methods of measuring distance and some give reliable 
aussian errors, which are of ∼ 5–10 per cent (e.g. J. C. A. Miller-

ones et al. 2009 ; N. Shaposhnikov et al. 2010 ; J. A. Orosz et al.
011 ). Some sources only have best guess distances within uniform 

anges, which range around ∼20 per cent (e.g. S. J. Tingay et al.
995 ; A. A. Zdziarski, J. Ziół kowski & J. Mikoł ajewska 2019 ;
. M. Wood et al. 2023 ). The ‘effective 1 σ ’ Gaussian errors of
 20 per cent uniform range are ∼11.5 per cent and propagating
hese forward with the conservative ∼10 per cent Gaussian proper 
otion uncertainties results in an average ∼15 per cent uncertainty 

n βapp . We only choose this representative βapp uncertainty to 
lot. We separately account for the impact of the large uniform 

istance uncertainties on our results by resampling as described in 
ection 2.2 . 
Fig. 1 also demonstrates that there is a maximum observable 

pparent speed βapp at each inclination, no matter the underlying 

s  
orentz factor. This is due to the infinite Lorentz factor limit of
he equation of apparent superluminal motion, also demonstrated in 
ig. 2 where we show the apparent speed βapp calculated as 

app = (1 − �−2 )
1 
2 sin θ

1 − (1 − �−2 )
1 
2 cos θ

. (2) 

ig. 2 shows that, at high inclinations, the observable apparent speed
attens asymptotically regardless of the underlying Lorentz factor. 
his can also be obtained mathematically, if we take the limit of
 → ∞ , such that 

app = sin θ

1 − cos θ
, (3) 

hich is valid for 0 ≤ θ ≤ π
2 . This asymptotic value is plotted as the

ashed line in Fig. 1 . The XRB sample largely adheres to this upper
imit when uncertainties are taken into account. A direct consequence 
f most XRBs being off-axis is that even if there was a large change
n � for any of the high-inclination sources, this would only lead to
 subtle change in βapp and therefore impact the observed apparent 
peed distribution only marginally. 

We also plot the AGNs in the MOJAVE 1.5 Jy Quarter Century
ample (M. L. Lister et al. 2009a ) in Fig. 1 , which is also described in
MNRAS 545, 1–14 (2026)
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M

Figure 2. The change in observed apparent speed with changing intrinsic 
Lorentz factors at different inclination angles. This figure shows the asymp- 
totic flattening of the apparent speed at high inclinations. This effect affects 
the XRB sample strongly. 
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D  
ection 4.1 . These sources occupy a different region in Fig. 1 when
ompared to the XRBs. Most sources in this sample have inclination
ngles of less than 10◦ with a peak at ∼1◦–2◦, which classifies them
s blazars (C. M. Urry & P. Padovani 1995 ). Their apparent speed
istribution peaks at βapp ∼ 10. They also follow the black dashed
ine of asymptotically limited maximum observable apparent speeds.
he AGN sample is dominated by these low inclination – high � 

ources as it is flux-limited. This selects for blazars as they appear
righter as a result of Doppler boosting. The sample is not selected
ith direct constraints on the inclination angle; these appear implic-

tly through the flux requirements. Fig. 1 demonstrates the selection
iases that affect these two populations well. In particular, note that
he marginalized histograms show that there is very little overlap
n this parameter space between the two populations due to their
election biases. The very different inclination angle distributions
eads naturally to very different observed speed distributions. 

Since we are aiming to compare BHs across the mass range, we
xclude neutron stars from the analysis. We keep both unknown
ources in the sample, as there is evidence that both could be powered
y a BH (SS433: Cyg X-3: A. A. Zdziarski, J. Mikoł ajewska &
. Belczyński 2013 ; M. G. Bowler 2018 ; A. M. Cherepashchuk

t al. 2021 ). The inclusion of these objects does not significantly
ffect the results of this work. The objects in this reduced sample
ill be referred to as BHXRBs (black hole X-ray binaries) from this
oint onward. 

.2 Parent population modelling 

o investigate the intrinsic Lorentz factor distribution of BHXRBs,
e employ Monte Carlo parent population modelling. Similar

nalyses have been conducted for flux-limited AGN samples, which
re significantly larger (on the order of 100 sources compared to 19
HXRB jets) (M. Ajello et al. 2012 ; I. Liodakis & V. Pavlidou 2015 ;
. L. Lister et al. 2019 ; L. Marcotulli et al. 2022 ). However, AGN

opulations are subject to more complex selection biases, including
NRAS 545, 1–14 (2026)
ux limits, redshift distribution non-uniformity, and strong Doppler
eaming, which preferentially selects blazar sources aligned closely
ith the line of sight. 
To model the BHXRB population, we assume an underlying

sotropic angle distribution in 3D space. As discussed in Section 2.1 ,
his is consistent with the data. To sample a variable from a given
robability distribution, we can sample the inverse of the cumulative
ensity function (CDF) of the variable. For the (unbiased) BHXRB
nclination angle distribution, the probability density function (PDF)
s 

( θ ) = sin θ , (4) 

or 0 ≤ θ ≤ π/ 2 with θ expressed in radians, since we see the 2D
rojection of the angle in the sky. The CDF is trivially 

DF( θ ) = 1 − cos θ . (5) 

o obtain a value of θ we sample a uniform random variable u =
(0 , 1) and solve 

( u ) = arccos ( u ) (6) 

or 0 ≤ u ≤ 1 where we have made the transformation u′ = 1 + u to
ymmetry arguments. The intrinsic distribution for Lorentz factors is
lso sampled with the same method. A power law is the description
f choice for this process in the AGN literature (M. L. Lister & A. P.
arscher 1997 ). We justify this choice for BHXRBs in Section 3.1 .

he probability density function (PDF) of a power law Lorentz factor
istribution is 

( � ) = b + 1 

�b+ 1 
max − �b+ 1 

min 

�b , (7) 

or � ∈ [ �min , �max ] and 0 otherwise. The CDF is trivially 

DF ( � ) = �b+ 1 − �b+ 1 
min 

�b+ 1 
max − �b+ 1 

min 

, (8) 

n the range � ∈ [ �min , �max ] and for the case b = −1 

DF ( �) = ln ( �/ �min ) 

ln ( �max / �min ) 
. (9) 

his can be sampled with a uniform random variable u = U (0 , 1)
nd inverted to give (for b �= −1) 

( u ) = (
u ( �b+ 1 

max − �b+ 1 
min ) + �b+ 1 

min 

) 1 
b+ 1 , (10) 

or � ∈ [ �min , �max ]. For the special case at b = −1 we obtain
nstead 

( u ) = �min exp [ (ln �max − ln �min ) u] . (11) 

.2.1 Simulation procedure 

nce the parent population can be fully described with the assumed
robability distributions, we use the following method to generate a
onte Carlo parent distribution for BHXRB jets: 

(i) Choose the parameter values b, �min , and �max for the parent
istributions. 
(ii) Draw a value of inclination angle θ using equation ( 6 ). 
(iii) Determine an intrinsic Lorentz factor � for each jet in the

arent sample using equation ( 10 ) or ( 11 ). 
(iv) Calculate the apparent speed, βapp , of each source following

quation ( 2 ). 

Once the distribution of apparent speeds is built up, we compare to
he observed distribution of apparent speed using both the Anderson–
arling test (Section 2.3 ) and an approximate Bayesian likelihood
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Table 1. Prior parameters used in the nested sam- 
pling analysis for the Lorentz factor parent population 
distribution. 

Lower bound Upper bound Type 

b −6 . 0 0.0 Uniform 

�min 1.0 3.0 Uniform 

�max 5.0 200.0 Uniform 
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Section 2.4 ). As the distances of our sample are accounted for in
he calculation of the apparent speeds of the data (see equation 1 )
e do not need to include a distance distribution in our modelling.
ince there is, however, a significant uncertainty associated with 

he distance measurement and this directly affects the observed 
pparent speed distribution, we resample the distances with uniform 

ncertainties up to 40 per cent and recompute the apparent speeds of
ur data set. We find the mean b value to remain consistent within
 σ . This is largely due to the broad range covered by the posterior
nd is likely to change once the sample size grows. 

A significant advantage of this methodology is that we can directly 
est the apparent speeds of the sources, which is a much more
bservationally robust quantity. Studies such as R. P. Fender & S. E.
otta ( 2025 ) rely on inferred Lorentz factors, which are often only

ower limits due to the asymptotic flattening of the apparent speeds 
s demonstrated in Fig. 2 . Therefore, directly testing the apparent 
peeds circumvents any potential issues with accounting for lower 
imits. 

.3 Anderson–Darling test 

 common way to determine whether two distributions are drawn 
rom the same distribution is the Anderson–Darling (AD) test 
T. W. Anderson & D. A. Darling 1952 ). We use this test statistic
o determine which simulated parent population best matches the 
bserved sample of BHXRBs. We followed this procedure: 

(i) Fix values of �min = 1 , �max = 50. 
(ii) Step through defined prior range of values for exponent b 

niformly. 
(iii) Generate apparent speed sample of 19 sources from chosen 

istributions as described in Section 2.2 . 
(iv) Perform AD test between observed apparent speeds from 

. P. Fender & S. E. Motta ( 2025 ) and simulated sample using
cipy.stats.anderson ksamp and a permutation test for 
xact p -values (F. W. Scholz & M. A. Stephens 1987 ). 

(v) Record p -value of test. 
(vi) Repeat steps (ii) to (iv) 100 times for each value of b. 
(vii) Record fraction of trials in which the null hypothesis has 

een rejected at the chosen confidence interval. 

We perform two separate analyses with thresholds of p < 0 . 05
nd p < 0 . 01 to obtain an approximate confidence interval estimate.
hen the null hypothesis is rejected with the AD test it means that the

amples are likely not from the same parent distribution. Therefore, 
 low rejection fraction means that most of the synthetic distributions
re consistent with the data, which is indicative of – although not 
ormally the same as – a ‘well-fit’ distribution. 

We tested varying both Lorentz factor limits �min and �max , but the 
hoice of �min is physically motivated, as the Lorentz factor cannot 
e smaller than 1. As indicated by Fig. 2 , even large changes in the
aximum � lead to small changes in the observed βapp distribution 
hen most of the sample is observed at high inclinations. As the
bserved apparent speed is a lower limit to the Lorentz factor, the
max must be larger than the maximum observed apparent speed, 
ut is quite unbounded towards higher values. Changing �max does 
ot affect the distribution significantly. The parameter space for b 
as informed by analysis of AGN populations, where the power-law 

xponent is found to be in the region of b ∈ [ −5 , −0 . 5]. Additionally,
 coarse search over the range b ∈ [ −10 , 0] indicated a preferred
arameter space for BHXRBs around b ∈ [ −6 , 0]; this range was
hen explored with a finer grid of �b 
 0 . 1. 
While this analysis offers insight into the regions of parameter 
pace where the rejection fraction is minimized – indicating which 
alues of b are most consistent with the observed distribution – it
oes not constitute complete Bayesian inference and therefore does 
ot yield a posterior distribution or credible intervals. 

.4 Nested sampling 

o obtain posteriors for the parameters and extend our analysis to
lso include constraints on �min and �max we use nested sampling 
o explore our parameter space (J. Skilling 2004 , 2006 ). This is
mplemented using the PYTHON package DYNESTY (J. S. Speagle 
020 ; S. Koposov et al. 2024 ). As shown in Table 1 , we are
sing uniform priors for all parameters, which are non-informative. 
his is appropriate, as there is no physical intuition as to why a
articular value should be preferred. The bounds of the parameters 
re physically motivated. It is not expected that the Lorentz factor
DF increases with increasing �, as the sample contains more mildly
elativistic sources (R. P. Fender & S. E. Motta 2025 ) even below
he minimum observable apparent speed cut-off. Therefore, positive 
alues of b are excluded. A uniform underlying Lorentz factor 
istribution is plausible and b = 0 is therefore included in the priors.
dditionally, the bounds for b are informed by the previous analysis
sing the AD test, which show a minimum around values of b ∼ −3.
It is evident from Fig. 2 that the apparent speed is a lower limit

o the Lorentz factor. Therefore, it is required that our distribution
xtends at least until the fastest measured apparent speed, which 
mplies �max > 5. There is no physical reason to place a tight
onstraint on the upper end of this prior and since we are also aiming
o compare our sample to AGNs we wish to explore a broad range
f �max . The upper bound of �min is set by observations of mildly
elativistic jets in BHXRBs as described in R. P. Fender & S. E. Motta
 2025 ). The breadth of the priors has been tested; while very narrow
riors can affect results, the chosen broad priors yields a converged 
olution. 

.4.1 Likelihood choice 

he nested sampling algorithm has to be informed by a logarithmic
ikelihood. Due to the sparseness of the data, we choose to use a
ernel density estimator (KDE; M. Rosenblatt 1956 ; E. Parzen 
962 ) to approximate the likelihood. This approach utilizes the fact
hat the simulated distribution can be well described by a unimodal
istribution, examples are shown in Fig. A1 . A unimodal distribution
s well described by a Gaussian KDE with an appropriate choice of
andwidth h described by 

model ( x) = 1 

nh 

n ∑ 

i= 1 

K

(
x − xi 

h 

)
(12) 

nd 

( x ) = 1 √ 

2 π
exp 

(
−x2 

2 

)
. (13) 
MNRAS 545, 1–14 (2026)
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Figure 3. Comparison between nested sampling approach as well as 
Anderson–Darling test statistic rejection fraction for the exponent of the 
Lorentz factor power law describing the distribution in BHXRBs. The green 
histogram is the nested sampling posterior, with the posterior density shown 
on the left y -axis. The corresponding quantiles are shown with the grey 
lines. The right y -axis shows the rejection fraction, where the blue line is the 
rejection fraction at p < 0 . 05, which corresponds to a confidence interval 
of 95 per cent. And the orange line at p < 0 . 01 which corresponds to a 
confidence interval of 99 per cent when using the Anderson–Darling test. 
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 KDE is a non-parametric way to estimate the probability density
unction of a distribution, which is especially suited to our applica-
ion, as we do not have an analytical function to describe our model
istribution due to the convolution of inclination and intrinsic speed
ffects. The bandwidth optimization is automatically determined
ithin scipy.stats.gaussian kde (D. M. Bashtannyk &
. J. Hyndman 2001 ; N.-B. Heidenreich, A. Schindler & S. Sperlich
013 ; D. W. Scott 2015 ) and the results converge when sampling
n appropriate amount of model sources. These convergence tests
nformed the choice of Nsim 

. Examples of the model KDEs can be
ound in Fig. A1 . 

Since the KDE gives the probability of each point, we define our
og-likelihood as 

log ( L ) =
∑ 

i 

log ( Pmodel ( βobs, i )) . (14) 

his is a likelihood that corresponds to the discretized version of the
aussian likelihood 

 ( D| M) =
∫ 

P ( D| θ, M ) P ( θ | M )d θ. (15) 

s the Bayesian likelihood is defined as the probability of the data
iven the model, the KDE returns exactly this when evaluated at the
bserved data points. Similar approaches have been used in other
ases in the literature when tuning KDE hyperparameters (M. C.
ones & D. A. Henderson 2009 ; H. L. Shang & X. Zhang 2020 ),
nd KDE likelihoods have been used in the medical field to model
irways (R. D. Rudyanto et al. 2013 ). 

The nested sampling is then implemented as follows: 

(i) Obtain parameter values from the walk through parameter
pace performed by the nested sampling algorithm implemented in
YNESTY . This is informed by the prior distribution shown in Table 1 .
(ii) Generate apparent speed sample of Nsim 

= 105 sources from
hosen distribution as described in Section 2.2.1 . 

(iii) Determine a KDE of the simulated data sample,
model ( βapp ), following equation ( 12 ), implemented in
cipy.stats.gaussian kde . 
(iv) Evaluate the KDE at the observed apparent speeds to obtain

model ( βobs, i ). 
(v) Obtain log-likelihood from equation ( 14 ) as described above. 

The nested sampling algorithm then iterates over parameter space
hile maximizing the overall likelihood. In addition, DYNESTY

alculates the evidence automatically for each point in parameter
pace. Therefore, we also obtain the importance weights for each
oint, which are then used to obtain posterior distributions for each
arameter (J. Skilling 2006 ). These are shown in Fig. 4 . 

.4.2 Bayes factor model comparison 

hile the power-law model for Lorentz factors is a reasonable choice
iven the literature on AGNs, nested sampling enables us to use
vidence to compare different Lorentz factor distribution models
sing Bayes factors. The Bayes factor is the ratio of two marginal
ikelihoods and indicates which model can be preferred over another
R. E. Kass & A. E. Raftery 1995 ). The Bayes factor K is given by 

 = Pr ( D| M1 ) 

Pr ( D| M2 ) 
=

Pr ( D | M1 )Pr ( D ) 
Pr ( M1 ) 

Pr ( D | M2 )Pr ( D ) 
Pr ( M2 ) 

= Pr ( D| M1 )Pr ( M2 ) 

Pr ( D| M2 )Pr ( M1 ) 
. (16) 

We assume no prior knowledge as to which model should be
referred [Pr ( M1 ) = Pr ( M2 ) = 1], so the Bayes factor is the ratio of
he posterior probabilities, which is equivalent to the evidence, Z.
NRAS 545, 1–14 (2026)
e optimize the parameters for each model using nested sampling
s described above and compute the Bayes factor as 

log ( K) = log ( Z1 ) − log ( Z2 ) . (17) 

he other Lorentz factor models tested are a truncated Gaussian, a
runcated exponential and Gamma function. The formulae are given
n the Appendix A . 

 RESULTS  

e have presented two methods to determine the shape of the parent
opulation Lorentz factor distribution for BHXRB jets. These enable
s to constrain population-wide statistics on the jet speeds of these
bjects for the first time. Additionally, we are able to account for
election effects to compare this population to BHs at the other end
f the mass range. 

.1 Model selection 

n Fig. 3 , we show the constraints on b obtained from the AD test,
y sampling b ∈ [ −6 . 0 , 0 . 0] as the orange (99 per cent confidence
nterval) and the blue curve (95 per cent confidence interval). Both
he rejection fractions at p < 0 . 05 and at p < 0 . 01 indicate that there
s a preferred parameter space for b around b ≈ −2 . 7, but there is a
arge degeneracy of parameter values at which the rejection fraction
s very low. When choosing the confidence interval of 95 per cent
nd finding the minimum and maximum value of b for which the
ejection fraction is fr < 0 . 05 we find that b is bounded by b ∈
 −3 . 47 , −2 . 08] with a median of b = −2 . 78. 

As anticipated, since we are placing a higher threshold on deter-
ining that the modelled and observed distributions are different,

he curve at the 99 per cent confidence level is shallower and
xhibits a broader minimum. Both curves are observed to rise more
teeply toward increasing values of b, indicating that this region of
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Figure 4. The results of the nested sampling analysis of the BHXRB sample. 
The plots on the diagonal show the marginalized 1D histograms for each 
parameter, while the other plots show 2D marginalized distributions. The 
quoted uncertainties are 1 σ limits. 
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Table 2. Model 1 shown on the rows of the table and Model 2 shown in the 
columns. The logarithm of the Bayes factor K given as a log value in the 
corresponding cells. 

log ( K) Power law Exponential Gaussian Gamma 

Power law N/A 2.504 8.427 3.036 
Exponential −2 . 504 N/A 5.924 0.532 
Gaussian −8 . 427 −5 . 924 N/A −5 . 392
Gamma −3 . 036 −0 . 532 5.392 N/A 
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arameter space is more sharply constrained. This trend is consistent 
ith theoretical expectations, as the asymptotic flattening of the 

pparent speeds caused by the higher inclinations in XRBs due to 
heir unbiased angle distribution causes the power-law distribution to 
ppear more uniform at low b. As a result, b is less tightly constrained
oward lower values. 

Tighter constraints and a better-defined posterior on all parameters 
re derived from nested sampling. This analysis returns marginalized 
osteriors for all three parameters as shown in Fig. 4 . The uncertain-
ies quoted are a 1 σ interval. The figure demonstrates that b and �min 

re well constrained, while �max is not. As expected, the value of �min 

s consistent with � = 1 (stationary). Any deviations from this limit
ould be caused by the limited observing time of these systems. Such

s the case where it is not possible to resolve an ejection travelling at
xtremely low speeds away from the core in the observational time 
rame of decades. 

The upper limit of the Lorentz factor, �max , remains entirely 
nconstrained by this method. Although �max affects the overall 
ormalization, its influence on the distribution shape is minimal, as 
he probability of extremely high Lorentz factor jets rapidly decreases 
nder a power-law probability distribution function. As a result, due 
o plateauing of the apparent speeds and the small sample size, the
ontribution of high- � jets to the observed population is small and
ifficult to constrain precisely. Any structure within the posterior in 
ig. 4 is not likely to be real, but rather an artefact of the walk through
arameter space performed by the nested sampling algorithm. 
Lastly, this method provides interesting constraints on the param- 

ter b at a value of b = −2 . 64+ 0 . 46 
−0 . 55 . The shape of this posterior is

n very good agreement with the AD analysis. The nested sampling 
osterior is also shown in Fig. 3 on the same axes as the result given by
he AD rejection tests. The nested sampling result displays a similar
hape with a flatter slope towards lower b and a steeper slope towards
 = 0. The minimum of the AD rejection fractions and the maximum
f the nested sampling also coincide very well. This validates the
ested sampling as an appropriate method to apply to this problem
nd additionally indicates that the chosen likelihood performs well. 
s described in Section 2.4.2 the Bayes factor can discriminate 
etween multiple models for the Lorentz factor distribution. The 
ayes factor is interpreted with the Jeffreys scale (H. Jeffreys 1961 )
r with the table provided by R. E. Kass & A. E. Raftery ( 1995 ).
ny negative value of log ( K) is evidence for Model 2 and any
ositive value indicates evidence for Model 1. The results are shown
n Table 2 , where Model 1 is displayed in the rows, and Model 2
n the columns of the table. The evidence points to the power-law
istribution being preferred over all other models. The evidence is 
lassified as decisive for the power law in all cases. This justifies
ur choice of power-law model given the prior information available 
o us. As can be seen in Fig. A1 this decisive evidence is key since
he best-fit observed apparent speed distribution is very similar for 
ll tested underlying Lorentz factor distributions. The Bayes factor 
s insensitive to the amount of free parameters in a model. It should
owever be noted that there is evidence that broader priors influence
he evidence calculation when using nested sampling. Since uniform 

riors are used and many are similarly broad across models, this
ffect is negligible for this analysis. 

To constrain the effect of outlier sources, such as 4U 1543–47,
e remove this highly relativistic, low-inclination source and rerun 

he analysis. Without this source the median of the posterior shifts
owards lower values b ∼ −3 . 1, which remains within 1 σ of the
esult including the source. And the posterior space covered remains 
ery similar, only extending further towards b = −6. The posterior
or �max is similarly unconstrained when 4U 1543–47 is removed. 

 DI SCUSSI ON  

he results presented show convincingly that the parent population 
f Lorentz factors for BHXRBs can be described by a power law.
his analysis has never been done for these objects and has only

ecently become possible due to dedicated long-term follow-up to 
rack transient jets from these sources. 

In addition, we have presented a new form of analysis for parent
opulation modelling. Nested sampling presents many advantages 
ver traditional methods, such as AD tests, as it provides full
osteriors for all parameters. The choice of likelihood also allows 
or analysis on smaller data sets. 

A key result of the nested sampling analysis is that the upper
imit of the Lorentz factor �max is completely unconstrained by this 
nalysis. This is clearly the result of inclination effects on the shape of
he observed distribution, since the maximum Lorentz factor can only 
e well-constrained by low i and high � sources. Here, the analysis
s limited by the composition of the sample, as there is only one of
hese sources present. Work by K. Savard et al. ( 2025 ) indicates that
ther methods will be able to constrain the maximum Lorentz factor
f these ejections. Simulations show that once the internal energy 
MNRAS 545, 1–14 (2026)
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f the ejected blobs is too high, they behave like Sedov blast waves
nd disrupt while propagating. J. C. A. Miller-Jones, R. P. Fender &
. Nakar ( 2006 ) constrain the Lorentz factors of large-scale jets of
RBs through their opening angles. This results in large � > 10, but

his requirement could be relaxed if the jets are confined. Additional
onstraints on the maximum initial Lorentz factor of BHXRBs can
e constrained by modelling the motion of the ejecta with blast-wave
odels (F. Carotenuto et al. 2024 ) or joint radiative and kinematic
odelling (A. J. Cooper et al. 2025 ). These approaches find moderate
orentz factors for BHXRBs. 
The posteriors of the power-law exponent b provide an intriguing

pportunity to compare BHXRBs to other jetted BHs at completely
ifferent mass scales. The nested sampling algorithm enables us to
lace good constraints on the shape of the parent Lorentz factor
istribution. 

.1 AGN population studies 

s previously discussed, AGNs are an ideal comparison sample up to
ight orders of magnitude above the BHXRBs in the mass scale. Due
o their extreme selection effects, many of the population studies
erformed use complete flux-limited samples, such as M. Ajello
t al. ( 2012 ), I. Liodakis & V. Pavlidou ( 2015 ), M. L. Lister et al.
 2019 ), and L. Marcotulli et al. ( 2022 ). All of these analyses use a
ower law to fit the parent Lorentz factor distribution of blazars. The
amples differ in the wavelength band they are selected in. 

.1.1 MOJAVE 1.5 Jy Quarter Century sample 

. L. Lister et al. ( 2019 ) perform population studies on the MOJAVE
.5 Jy Quarter Century sample (M. L. Lister et al. 2009a ), which is
lotted in Fig. 1 . This is a radio-selected sample of AGN that reach
 . 5 Jy in Very Long Baseline Array (VLBA) correlated flux density
t least once within the observing period of more than 20 yr. The
ources are observed with the VLBA to track the parsec-scale jets and
he kinematics of individual jet components. M. L. Lister et al. ( 2019 )
se the AD test p -value to compare the simulated distributions to their
bserved sample of 174 radio-selected flat spectrum radio quasars
FSRQs). The authors fit the Lorentz factor distribution N( �) ∝ �b 

imultaneously with the beamed luminosity, the redshift and the flux
istribution. Although this allows for more of the available data
o inform the best-fitting model, there are more assumptions about
he parent population distributions required. These are presented in

. L. Lister et al. ( 2019 ). The resulting best-fitting model with the
ighest AD p -value for all four distributions gives an exponent of
 = −1 . 4 ± 0 . 2 for the � distribution. The authors choose �min =
 . 25 and �max = 50 as their distribution limits which are based on
he maximum instantaneously measured speed of a jet feature. The
ower limit is based on the relative prominence of radio cores by
. M. Mullin & M. J. Hardcastle ( 2009 ). 

.1.2 BAT AGN Spectroscopic Survey (BASS) 

nother large AGN sample is the sub-sample of the BAT AGN
pectroscopic Survey (BASS; V. S. Paliya et al. 2019 ). This sample

s selected in the hard x-ray with the Swift -Burst Alert Telescope
BAT) in the 14–195 keV range and limited at a flux greater than
14 −195 keV > 5 . 4 × 10−12 erg cm 

−2 s −1 . In L. Marcotulli et al. ( 2022 )
he parent population of the FSRQ sources in this sample is presented,
nd the authors find the best fit for a power law Lorentz factor
istribution to be b = −3 . 33 ± 1 . 30 at p = 5 or b = −1 . 95 ± 1 . 53
NRAS 545, 1–14 (2026)
or p = 7. In this case the authors fit the redshift de-evolved X-
ay luminosity function, which depends on the � distribution due
o beaming. They choose �min = 5 and �max = 40 from average
roperties of radio-loud blazars. 
There are two best-fitting values for this sample, as the analysis

s performed with different beaming parameters p. This parameter
escribes the beaming of a source depending on the emission
echanism and geometry of the emitting region. 

ν,θ = S ′ 
νδ

p , (18) 

here δ is the Doppler factor, S the flux in the rest frame, S ′ the
bserved frame flux, and p is the beaming parameter, dependent on
pectral index α. While we do not assume a flux beaming relationship
or the BHXRBs, as we are only modelling jet kinematics and not
uminosities, this is important for the AGN analysis as it is necessarily
ux-limited. To calculate this parameter it is usually assumed that
 jet can be approximated as a series of optically thick spheres.
epending on this geometry and the emission mechanism, p is

hen related to the spectral index α in the observed frame (C. D.
ermer 1995 ). For the self-Compton scenario, this relation would be
 = 3 + α (M. Sikora, M. C. Begelman & M. J. Rees 1994 ), and

or the external Compton process dominated emission the relation
ould be p = 4 + 2 α (G. Ghisellini & L. Maraschi 1989 ). Both

re plausible emission scenarios for the energy bands in which this
ample is selected. The distribution of the spectral index value can be
etermined observationally, but the intrinsic distribution is not well
nderstood. In the case of the BASS sample, the authors find that on
verage α = 1 . 78. Therefore, a parameter space in p is explored in
hese population studies. 

The fit for the BASS sample is conducted with a χ2 best fit and
ince multiple p values give similar χ2 values, both are quoted. The
uthors state that higher values of p are less likely, but a luminosity
unction turnover at low luminosities would need to be detected to
onstrain this value further. 

.1.3 Fermi -LAT Blazar sample 

nother sample for which this approach has been used, is selected
y the Fermi- Large Area Telescope (LAT) in its first year of
peration. The AGNs are detected in the 10 keV–300 GeV range
nd flux-limited by a total flux in the 100 MeV–100 GeV band of
100 ≈ 10−8 photons cm 

−2 s −1 (M. Ajello et al. 2012 ). Similarly to
. Marcotulli et al. ( 2022 ) these authors also fit the de-evolved
ermi luminosity function and find b = −2 . 03 ± 0 . 70 for p = 4
nd b = −2 . 43 ± 0 . 11 for p = 5. The χ2 fit is slightly worse for the
 = 5 case. The authors also use the same limits on � as presented for

he BASS sample. The authors test other Lorentz factor distributions,
ut the power law is statistically the best fit. 

.1.4 AGN population study comparison 

ll AGN Lorentz factor distribution power-law exponents are pre-
ented in Fig. 5 , alongside the results for the BHXRBs found in
his work.The figures show that there is a spread within the values
btained for the various samples, but there is at least one result
er survey that is consistent with all other samples. It needs to be
aken into account that the results by M. L. Lister et al. ( 2019 )
btain constraints on the b parameter by fitting multiple observed
istributions simultaneously. All other estimates of b are based on
nly fitting a single distribution, for the BASS and Fermi samples,
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Figure 5. The comparison of AGN power-law exponents with the BHXRB results in this work. The solid error bars come from χ2 model fitting, while the 
dotted error bars indicate that this error comes from Monte Carlo simulations and describe the bin width between different models. The dashed error bars for 
the BHXRB AD test case are described in Section 3.1 . 
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his is the luminosity function. Additionally, there is a difference in 
he assumptions of the Lorentz factor limits. 

There are also indications that there may be a population difference 
n sources selected in different wavelength bands. M. L. Lister et al.
 2009b ) indicate that Swift -BAT selected sources (BASS) tend to
ave faster estimated jet speeds than non-BAT selected AGN. Swift 
ight curves are much more sparsely sampled than Fermi -LAT, which 
ay also contribute to these effects (T. Hovatta & E. Lindfors 2019 ).
his may then skew the analysis towards flatter power laws, because 
righter and faster sources will occupy the tail of the power law
nd flatten the distribution. Additionally, since the Swift -BAT and 
ermi -LAT selected sources do not have kinematic measurements, 

he Lorentz factor inferred for this population of sources likely traces 
 different region in the jet. This is because the flux at different
avelengths is emitted in different parts of the jet (T. Hovatta &
. Lindfors 2019 ). This possibly explains some of the discrepancy 

n inferred Lorentz factors for these differently selected samples. 
In some AGNs, and especially blazars, multiple ejections are 

bserved, many with different apparent speeds. Only the fastest 
bserved apparent speed is used in the population analysis by M. L.
ister et al. ( 2019 ). The maximal flux is used in all population studies,
hich similarly corresponds to the most boosted jet component. 
his is likely the most accurate tracer of the maximal Lorentz factor
f the sources due to the superluminal motion geometric effects 
iscussed in Section 2.1 . Nevertheless, it can be argued that this
election does not fully capture the diversity of the jet population. 
y focusing exclusively on the highest speeds, the resulting power- 
aw distribution of Lorentz factors may appear artificially flattened. 

In any case, the choice of using a singular � to describe the
ets of BHs is a simplifying assumption. Due to the high resolution
chieved in studying SMBHs with very long baseline interferometry 
VLBI) observations, it has been revealed that there is a radial
tructure present in jets, which can be observed as ‘limb-brightening’ 
f the jets (J.-S. Kim et al. 2024 ; Y. Tsunetoe et al. 2025 ).
dditionally, both stationary and moving components of the jets 

re detected, sometimes simultaneously (Z. R. Weaver et al. 2022 ).
ultiple models have been proposed as explanations, such as spine–

heath models, where a fast-moving spine propagates within a slow- 
oving sheath (G. Ghisellini, F. Tavecchio & M. Chiaberge 

005 ; A. Chhotray et al. 2017 ). The interaction between the two
omponents can lead to variable emission. In addition, there are 
hock-in-jet (A. P. Marscher & W. K. Gear 1985 ) and jet-in-jet
odels (D. Giannios, D. A. Uzdensky & M. C. Begelman 2009 )

hat aim to explain multiwavelength emission variability and the 
oving blobs seen in VLBI observations by different components of 

he jet emitting over time due to disturbances and shocks. The debate
bout these models is fuelled by the so-called Doppler factor crisis,
hich cannot reconcile the Lorentz factors derived from gamma-ray 

mission with those derived from kinematics (M. Böttcher & M. G.
aring 2019 ). 
In addition to population studies, there has also been work to derive 

he Lorentz factor parent distribution of blazars from the optical 
MNRAS 545, 1–14 (2026)
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undamental plane of BH activity (P. Saikia, E. Körding & H. Falcke
016 ). The results are consistent with the AGN population studies
ited above. 

.2 Comparing BHXRBs to AGNs 

he BHXRB results are shown in Fig. 5 . The vertical bars indicate
he median and the 1 σ and 2 σ percentiles of the posterior. We also
resent the median and a probable range at 95 per cent confidence
erived from the Anderson–Darling test as described in Section 2.3 .
his range should not be interpreted as ‘real’ uncertainties; it is an

ndication of confidence levels over the parameter space. 
None the less, the two populations inhabit a similar parameter

pace. The BHXRBs appear to follow a distribution with a lower
xponent value than the AGNs, except for one value from the analysis
y L. Marcotulli et al. ( 2022 ) using p = 5. Most AGN exponent
alues lie at the high tail end of the BHXRB-derived distribution.
specially the result by M. L. Lister et al. ( 2019 ) is discrepant at 2 σ ,
ut cannot be rejected at 3 σ confidence. While this may indicate that
HXRBs have a steeper Lorentz factor distribution, it does need to
e accounted for that the AGN analysis uses the maximum speeds
or each source. For the BHXRBs we include the most representative
peed for each source, except for MAXI 1820 + 070, as mentioned
n Section 2.1 we have reason to believe that these are fundamentally
ifferent jet types. GRS 1915 + 105 on the other hand has more than
0 ejections, which are consistently ejected at the same apparent
peed (since 1997; see discussion in J. Miller-Jones et al. 2006 ).
herefore, we choose this mean value as representative for the source.

n most other cases, only one ejection is observed (R. P. Fender &
. E. Motta 2025 ). Other work by P. Saikia et al. ( 2019 ) use the

nfrared excess to derive the Lorentz factor distribution of hard-state
HXRB jets. They suggest that the hard-state jets may follow a flatter
ower law. 
When looking at different mass scales, we are also necessarily

bserving at very different time and distance scales when normalizing
n terms of RG 

= 2 GM 

c2 and tG 

= 2 GM 

c3 for the two populations. We
bserve AGNs for a very short period of their duty cycle but we
an resolve them much closer to the central SMBH in units of
ravitational radii. Conversely, BHXRBs are observed over multiple
tate changes. So, while they might be younger systems in absolute
erms, we likely see them moving through their duty cycle at a
uch higher rate as compared to the AGN due to their smaller

lack hole masses. None the less, we can only resolve BHXRB jets
s separate ejecta at larger distances relative to their gravitational
adii due to their much smaller size

(
R ∼ O

(
1010 − 1013 

)
RG 

)
.

ue to the discrepancy in relative distance scales, it would not be
urprising to see differences in these two populations, yet this work
as shown that there is intriguing agreement in the parent population
 distribution. 
Even if BHXRB jets were observed to be slower, one

eeds to consider that the jet in the mass-scaled AGN zone
R ∼ O

(
104 − 106 

)
RG 

)
much closer in to the BH, must have been

he same speed or faster. Additionally, BHXRB transient jets are con-
idered discrete ejections. It is unlikely for these ejecta to have been
ignificantly accelerated further away from the BH. In fact, Kelvin–
elmholtz instabilities and turbulence will necessarily slow down the

et as it propagates outwards (G. Bodo et al. 2003 ; K. Savard et al.
025 ). There is evidence from the blazar population that indicates
cceleration of the jet up to 100 pc, while it is still collimating (D. C.
oman et al. 2015 ). A recent striped-jet model has been introduced

o explain this variation (D. Giannios & D. A. Uzdensky 2019 ). In
nits of gravitational radii

(
R ∼ O

(
105 − 109 

)
RG 

)
however, this
NRAS 545, 1–14 (2026)
istance is still well within the unresolved distance from the BH for
HXRBs. Due to the much better angular resolution for AGN jets
e can see and model phenomena that we would simply not be able

o resolve in XRBs even if they were there. 
Multiple interesting attempts have been made in unifying BHs

cross the mass range and finding BHXRB accretion states in AGNs
E. G. Kording et al. 2006b ; J. Svoboda et al. 2017 ; J. A. Fernández-
ntiveros & T. Mu˜ noz Darias 2021 ; E. Moravec et al. 2022 ; J.-L.
ang et al. 2025 ). Within the class of blazars specifically, there have
een suggestions that, going beyond the traditional classification
f FSRQs and BL Lacs, there are two types of jets. Those with
uasi-stationary knots and those with relativistic motion (O. Hervet,
. Boisson & H. Sol 2016 ). This could correspond to steady
ersus transient jets in BHXRBs. A distinction in these classes
as also been found in the variation of the core position across
avelength (T. Hovatta & E. Lindfors 2019 ). The FSRQs which

re used in the parent population analysis of AGNs correspond to
he second class of jets and have been likened to BHXRBs in their
ransition from hard-to-soft state (J.-L. Kang et al. 2025 ). Therefore,
t would be reasonable to conclude that the comparison presented
ere investigates the same type of large-scale transient jet across the
ass range. 
We have demonstrated that the apparent striking difference in

bserved βapp in BHXRBs and AGN can be largely due to inclination
nd beaming effects and may not be due to an intrinsic difference
n Lorentz factors. Instead, it is impossible to constrain maximum
orentz factors based on kinematics alone and it is likely that the
orentz factors follow a power-law distribution, which is steep, but
llows for large Lorentz factors in a small fraction of the sample. The
ize of the parent population needed to produce the observed sample
an give insight into expected observations of blazar-like XRBs.
. L. Lister et al. ( 2019 ) find that the parent population of AGNs

o produce a flux-limited sample of 174 sources consists of around
 × 106 sources. Therefore, we are only seeing around 0.1 per cent
f the parent population and only the most extreme objects. There are
any less relativistic and more inclined sources in the universe that

o not make it into a flux-limited sample. As the BHXRB sample
nly contains 19 sources, there is a very small probability for one
f the sources to be highly aligned with the line of sight only given
he isotropic inclination distribution. Adding the small probability of
igh Lorentz factors due to the power-law parent distribution, this
akes it obvious that a much larger BHXRB sample is required to

bserve blazar-like BHXRB sources. In fact, a source flaring similar
o MAXI J1820 + 070 as presented in J. S. Bright et al. ( 2020 ) could
e seen up to 21.2 Mpc at a detection limit of Slim 

= 0 . 1 mJy if
t had � = 10 and θ = 3◦ (approximate mean values of MOJAVE
GN sample). Given the best-fitting parent population distributions,

ources with � ≥ 10 and θ ≤ 3 make up only 0.0028 per cent of the
arent population. Although the detectable volume would include
he Virgo cluster, it is likely that given the duty cycles and typical
are durations of BHXRBs (6.7 h in the case of MAXI J1820 + 070)

hese objects would be missed even when flaring brightly given the
bserving cadences of current radio surveys of these galaxies. 

.3 Theoretical interpretation 

 very common interpretation of the moving components in AGN
ets is the commonly discussed shock-in-jet model (A. P. Marscher
 W. K. Gear 1985 ), which is a promising framework to explain

et variability and emission. This model aims to produce observable
et characteristics with a shock moving through a steady jet and
as been successful in explaining flares from AGNs and the moving
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lobs observed within blazar jets especially when taking into account 
mission mechanisms and boosting (C. M. Fromm et al. 2016 ; 
. Fichet De Clairfontaine, Z. Meliani & A. Zech 2022 ). 
bservations have supported the idea of an underlying steady jet by 

esolving stationary features in blazar jets, which could be standing 
hocks (I. Agudo et al. 2001 ; O. Hervet et al. 2017 ; Z. R. Weaver et al.
022 ). Similarly, it has been found that the observed ‘moving blobs’
re usually linked to radio flares (E. J. Lindfors et al. 2006 ), which
as been successfully reproduced in simulations of moving shocks 
hrough jets (C. M. Fromm et al. 2016 ; G. Fichet De Clairfontaine
t al. 2022 ). G. F. d. Clairfontaine et al. ( 2021 ) also show that the
hocks become energized when moving through the rarefactions of 
he standing shocks, which causes a strong variability in their Lorentz 
actor. It is possible that the superposition of many such processes
auses the observed power-law distribution. 

The shock-in-jet model is not only successful in explaining AGN 

ehaviour, but has also been applied to XRBs. Especially the rapid 
ariability and the spectral shape of the ‘hard state’ in XRBs can be
uccessfully explained by this model (M. Turler 2011 ; J. Malzac 
014 ). Another important mean of analysing the variability in both 
RBs and AGNs is the power spectral density (PSD). In SMBHs the
SDs can be fitted with power laws (S. Kankkunen, M. Tornikoski
 T. Hovatta 2025 ), whose slopes are associated with different 

oise processes. The PSD slopes in different wavelength bands vary 
n blazars (T. Hovatta & E. Lindfors 2019 ). In some XRBs PSD
reak frequencies can be found with sufficient light-curve sampling. 
hese likely correspond to characteristic time-scales of the system, 
uch as the inner disc edge or cooling time-scales (A. A. Zdziarski
 M. Gierliński 2004 ; W. Ishibashi & T. J.-L. Courvoisier 2012 ).

. M. McHardy et al. ( 2006 ) also show that there is a scaling of break
requency with BH mass, which suggests that there is a similarity
n the innermost accretion processes across the BH mass range. 
. Malzac ( 2012 ) and O. Jamil, R. P. Fender & C. R. Kaiser ( 2010 )
se X-ray PSD slopes to inject Lorentz factor variability into the jet
ase, which is successful in producing observed spectra for hard state 
RB jets. This association of variability and observables in the jet 

ould be used to explain the power-law Lorentz factor distribution 
ound in this work. Future work will investigate this connection 
urther. Despite its success in reproducing observables, the shock-in- 
et model has not remained unchallenged and the jet-in-jet model has 
een proposed instead. A combination of models, also incorporating 
he sheath–spine structure has also been tested (N. R. MacDonald 
t al. 2015 ) and is probably a likely explanation for the observed
henomena. 
One question to consider is why the distribution of Lorentz factors

s so well described by a power law, preferentially over any other
istribution, such as Gaussian, exponential or flat. Indeed, M. D. 
mith, M.-M. Mac Low & F. Heitsch ( 2000 ) find that the velocity
istribution of shocks from driven supersonic turbulence tends to a 
ower-law distribution proportional to the square root of the shock 
peed. The authors attribute the specific exponent to the Gaussian 
riving term. The power-law tail is caused by the superposition of
riving waves. This shows that many physical processes can lead 
o power-law velocity distributions of shocks. If we considered the 
bserved speeds in jets to come from moving shocks, as in the shock-
n-jet model, the finding by M. D. Smith et al. ( 2000 ) could offer a
hysical explanation why the moving shocks would follow a power- 
aw distribution. The driving term within astrophysical jets could 
ikely be caused by the fast variability, which can be observed from
ll of these sources (B. Margon et al. 1984 ; A. Merloni et al. 2003 ;
. Homan et al. 2005 ; S. Vaughan, A. C. Fabian & K. Iwasawa
005 ; R. Fender et al. 2007 ; M. Böttcher & M. G. Baring 2019 ).
imilarly to the work by J. Malzac ( 2012 ) and O. Jamil et al.
 2010 ) the PSD describing the variability could inject shocks into
he jets which then tend to a power-law velocity distribution. This
s an explanation of why a single jet would display a power-law
hock velocity distribution, superposed each of these could lead to a
opulation-wide power-law distribution. 
Once again we need to consider the difference in observed relative

cales in the populations and its consequence on this analysis: 
or BHXRBs the power-law Lorentz factor distribution definitely 
resents a population-wide statistic as certain individual sources 
how the same ejection speed across years and decades, such as GRS
915 + 105 (J. Miller-Jones et al. 2006 ). Since we are observing much
arger relative distance scales in BHXRBs the observed distribution 
s possibly a superposition of the individual processes described in 
GNs. Whether we would see more variability and a similar structure 

o blazar jets on smaller scales is unknown. If BHXRBs possess a
imilar spine–sheath structure to blazars it would be likely that the
bserved emission stems from the sheath as the spine emission would
e boosted out of the line of sight (e.g. P. Hardee, Y. Mizuno &
.-I. Nishikawa 2007 ; Y. Mizuno, P. Hardee & K.-I. Nishikawa
007 ; Q. Qian, C. Fendt & C. Vourellis 2018 ; I. K. Dihingia
 C. Fendt 2024 ). Blazar spines on the other hand become much

righter at small angles to the line of sight due to Doppler boosting.
ork by M. Spada et al. ( 2001 ) on internal shocks in blazars show

hat the internal shock scenario leads to an asymptotic bulk Lorentz
actor at large radii as the shocks travel down the jet and interact.
f this model could be applied to BHXRBs, it could explain the
onsistency of similar speeds of the ejected blobs in GRS 1915 + 105,
or example. Therefore, a blazar-like structure in BHXRB jets could 
e a promising way to unify the trends we are seeing in observables
cross both populations. To further account for inclination effects 
nd resolution differences in AGNs and BHXRBs simulations could 
e a promising tool for further work. 
There is convincing evidence that shows that two types of jets

ontribute to the BHXRB parent population. It has been known for
 long time that there are two types of jets associated to the two
istinct spectral types of BHXRBs. In addition, new evidence by R.
. Fender & S. E. Motta ( 2025 ) suggests that there can be an additional
istinction in jet population among the large-scale, transient jets: one 
hich is spin-locked and fast and one disc-driven population, which 

s slower. These two distinct types of jets are even observed within
he same spectral state in the same source and therefore likely not
n intrinsic feature of the source, but a transient phenomenon or
nother accretion ‘state’ the source cycles through. This indicates 
hat there could be a contribution of two components to the observed
orentz factor distribution, with a larger contribution from the slow 

ets around the lower Lorentz factors and a fast tail of the spin-locked
ets. Ultimately, to constrain this further, it is necessary to obtain a
arger sample of observations. 

 SUMMARY  A N D  C O N C L U S I O N S  

his work presents a novel analysis of BHXRB jets and their apparent
peeds. For the first time, it is possible to perform parent population
nalysis of these jets. First we explore the parameter space using
he traditional AD test method. We are also able to introduce nested
ampling with a novel likelihood definition to this problem. Through 
onsistency with the AD test results, we show that it is possible to
efine a meaningful likelihood to compare the observed apparent 
peed distribution to the model distribution. This enables us to 
nd full Bayesian posteriors for all parameters and additionally use 
MNRAS 545, 1–14 (2026)
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ayesian evidence to compare various models for the Lorentz factor
istribution. 
We find that BHXRB jets are best described by a power-law
 distribution, similar to AGN. We find best-fitting value of b =
2 . 64+ 0 . 46 

−0 . 55 for the power-law exponent. This is consistent with both
 Fermi -LAT and a Swift -BAT selected sample within 1 σ . The radio-
elected MOJAVE sample is discrepant at 2 σ , which may hint at a
undamental difference between the populations. There are, however,
any fundamental challenges to the comparison to be considered,

uch that we are looking at very different distance scales in RG 

of the
ets and acceleration may play an important role, especially in the
GN. Different wavelengths probe different parts of the jets, which
dditionally complicates direct comparison. Additionally only the
aximum observed speed and flux are used in the AGN population

tudies. 
Despite all of these complications, strikingly, both the BHXRBs

nd the AGN occupy a similar parameter space in the power-law
xponents. The difference in apparent speed distribution between
hese populations stems largely, possibly entirely, from inclination
nd beaming effects. The agreement is especially remarkable due to
he difference in mass and distance scales between these populations.
t is also obvious that the AGN population is dominated by the
ost extreme sources. Due to its flux-limited nature and the extreme

oosting effects the parent population of this sample is very large.
his is not the case for the XRBs. Due to the X-ray selection of

he sample, they are subject to very different selection effects. As
e were able to determine the shape of the parent population, this

nables us to show that due to the limited sample size there is a very
ow probability to find highly aligned and fast sources that are like
lazars, as these make up only a very small percentage of the parent
opulation. 
The upper limit of the Lorentz factor distribution of BHXRBs is

ompletely unconstrained. This is the result of geometric effects
n superluminal motion. Therefore, based solely on kinematics,
HXRBs could have very high Lorentz factors, similar to AGNs.
ther non-kinematic arguments may be able to constrain this upper
orentz factor limit further. 
With a growing XRB sample this analysis will continue to become
ore constraining. Additional work simulating jets to constrain

nergy estimates better, will be extremely beneficial in further
efining our understanding of BH jets at all mass scales. Additionally,
t would be interesting to account for the variability in blazar jets
etter to investigate whether this changes our understanding of the
nderlying distributions. 
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Figure A1. The histogram shows the observed apparent speeds of the 
BHXRB sample. Overplotted are the KDEs of the best-fitting models for 
each of the different underlying Lorentz factor distributions. The dots indicate 
the observed apparent speeds at which the KDEs are evaluated to obtain the 
likelihood for the nested sampling. 
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here γ ( α, x) is not the Lorentz factor, but the lower incomplete
amma function defined as γ ( α, x) = ∫ x 
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